Introduction
Time domain reflectometry (TDR) relies on sending a fast-rise electromagnetic pulse down a transmission line buried in a medium and recording the dependence of the amplitude of the pulse reflected from the open ends of the line on the return time. 1 As the velocity of propagation of an electromagnetic pulse depends on the dielectric constant of the medium, which in turn depends on the frequency of the travelling pulse, then the profile (waveform) of the response is determined by the dependence of the dielectric constant on frequency. Hence, TDR is equivalent to spectroscopy of the dielectric permittivity. For a set of samples, differences observed in the shape of the waveforms carry information on differences in the properties of the samples. A great advantage of the technique is that the measurements cover a wide range of frequency (typically from fractions of MHz up to 3 GHz), are non-destructive, quick and do not need expensive instrumentation. The most typical application of the technique seems to be measurement of moisture content of a granular (porous) material, such as soil 1, 2 or cereal grain. 3 The reason behind popularity of the method in these applications is the very high value of the dielectric constant of water, which makes determination of its content in a material relatively easy. However, the previously mentioned advantage of the technique makes it worthwhile to try to apply it for measurements other than the moisture content properties of materials. At first sight, one can suppose such applications would be much less effective because of the much lower magnitude of the expected effects. On the other hand, modern mathematical methods for spectra processing developed within chemometrics, such as principal component analysis (PCA), multivariate calibration, and linear discriminant analysis (LDA), are recognized as powerful tools for extraction of information of interest, even if it is embedded in side effects strongly dominating the sets of recorded spectra. A good example can be multivariate modelling of the content of a substance in a set of samples based on optical spectra recorded in the near-infrared spectral range. When the powdered material in particular samples differ in particle size, this difference is often a source of dominating variation in recorded spectra due to the effect known as multiplicative scattering of radiation. 4 Despite this, appropriate numerical processing of the direct results of optical measurements enables one to develop calibration models that can effectively predict the content of the substance. 4, 5 The present contribution aims to show an approach based on mathematical treatment of a set of TDR spectra (waveforms) in a way that makes it possible to detect effects contributing to the spectra at a level several orders of magnitude below the scale of the spectra.
Application of the proposed approach is demonstrated by measurements made on two categories of wheat grain; i.e. healthy grain and damaged (infested with the fungus Fusarium culmorum) grain. This particular example has been chosen because of its potential usefulness, since a quick and simple method for detection of fungi-damaged grain could be of great importance due to both economic reasons (loss in yield and quality of grain) 6 and health reasons (developing fungi often produce toxic secondary metabolites known as mycotoxins). 7 Perhaps the latter reason is even more important as mycotoxins have been estimated to affect a quarter of the world's food crops. 8
Experimental

Measuring set up
The measuring system used was a home-made set up ( Fig. 1 ) based on TDR100 reflectometer unit equipped with CS645 probe (both devices from Campbell Scientific, UK). The probe consisted of three parallel rods of 75 mm length and of 1.59 mm diameter, spread 7.5 mm apart in one plane. Each generated step pulse rose in 170 ps and lasted 14 ms. Sets of time domain reflectometry waveforms analyzed with appropriate chemometric methods, instead of typical single waveform analysis, enable one to detect and quantify differences between waveforms, even if they appear at the level of several orders of magnitude below the scale of the measurements. Typical applications of such an approach to samples of healthy and damaged grain showed that differences contributing five orders of magnitude below the scale are still detectable. Under more rigorous experimental conditions, the level of detectable differences can be expected to be even lower. grain each with a volume ca. 0.4 dm 3 contained in a cylindrical container of i.d. 71 mm, made of an insulating cylinder with wall thickness 2 mm surrounded by an outer metallic cylinder added to strengthen the container. The container was closed with a movable piston (made of an insulating material) pressed with a spring that enabled control of the external pressure applied to the grain in the container. The external pressure applied during all measurements was 650 ± 50 hPa. Such a low pressure was applied in order to avoid possible changes to the shape and/or volume of single kernels between subsequent repetitions of the measurements in which the container was emptied and fulfilled again with the same sample of grain.
Samples preparation and measurements
Three series of measurements were performed. The first series enabled us to determine the actual level of repeatability of the measurements. The second series had to show whether the set up could enable one to find out difference between healthy and damaged grain, and the third series was made in order to assess whether the measurements could detect an admixture of damaged grain in a mixed material. Sets of waveforms recorded in all series were analyzed with PCA.
Series I: The container was filled with healthy grain, external pressure was applied, and 15 records of the waveform were saved. Next the container was emptied, the grain was shaken in a glass vessel and put again into the container for the subsequent measurement. Ten repetitions provided a set of ten waveforms, each averaged over 15 direct measurements.
Series II: Fifteen waveforms were recorded for the container filled with healthy grain and fifteen with it filled with damaged grain (Fig. 2) . No repetitions with refilling the container were made.
Series III: Because of the limited amount of grain at our disposal, the following procedure for preparing samples with different content of damaged constituent was applied. In the first step, two equal volume portions of healthy (sample 1) and damaged (sample 12) grain were taken and the measurements were performed. In the second step, 0.1 of the volumes from both portions were taken out and "cross-added" to 0.9 of the remaining volumes. Both "cross-mixtures" (samples 2 and 11) were well shaken in glass vessels and then the measurements were performed in two repetitions. The same "cross-adding" and "cross-mixing" was repeated after taking out 0.13, 0.17, 0.25 and 0.5 parts (instead of 0.1) of the volumes. This series of sample preparations should result in obtaining samples covering content of damaged grain ranging from 0.0 to 1.0, every 0.1 (with samples 6 and 7 having 50/50 composition). Each sample was measured in two repetitions and 15 records of the waveforms were taken at each repetition.
Results and Discussion
PCA applied to the set of waveforms obtained in Series I provided eigenvalues relevant for subsequent principal components (PCs). The ratio of the eigenvalue for a given PC to the eigenvalue for the 1st PC characterizes the relative importance of this particular PC. These ratios for up to the 4th PC are given in Table 1 . One can see from this table that the 2nd and next PCs contributed to the waveforms at a level lowered by five to seven orders of magnitude. This proved, that the structure of the waveforms in the series was very uniform, i.e. the shapes of the waveforms resembled each other very much, and that the intensity of the measured signal was actually Fig. 1 View of TDR measuring set up. On the vertical part of the rack (on the left) is mounted a cylindrical container (see also light gray cross-section drawing, bottom right corner) for the sampled material. The movable piston (inside the container but seen on the top of right hand corner of the cross-section drawing) is pressed with a spring (inside the smaller and darker cylinder, see on the left of the cross-section drawing) which is pushed by a movable piston on a screwed track directly located at upper end of the spring. The black box behind the rack is a TDR100 reflectometer unit coupled with a CS645 probe positioned at the bottom end of the sample container (see the right hand bottom corner of the cross-section drawing). determined by the scores on the 1st PC. Figure 3a presents a plot of points relevant for particular waveforms in coordinates of the scores on the 1st versus the 2nd PC. The pattern of the points is of random character. Therefore, the changes in the magnitude of the waveforms' intensity can be evaluated by spread of the scores on the 1st PC, and defined as the ratio of standard deviation of the scores to the mean. For all series this parameter was of the order 10 -3 . Comparison of the relative importance of PCs higher than the 1st one proves that the most important one for a description of differences in sets of waveforms comes from healthy and damaged grain is the 2nd PC.
In a similar way, PCA was applied to the set of waveforms recorded in Series II of the measurements. In the first version, the full set of 30 waveforms was analyzed and the results are listed in column IIa in Table 1 , where an increase of relative importance of the 2nd PC by a factor of ca. 20 as compared to Series I can be seen. In order to get insight into the influence of random contributions present in the waveforms, 15 waveforms in both categories of grain were split into three subsets of 5 waveforms, averaged within subsets, and next resulting 6 waveforms analyzed with PCA. The values of parameters characterizing this variant are listed in column IIb. No very distinct differences between parameters in the two variants were found, except that now the 3rd and next PCs contribute to the structure of the data at considerably lower levels. This finding proved that the random variance present in the set of 30 waveforms had been damped due to averaging and that it had also enhanced the role of the 2nd PC as compared to the 3rd and further PCs. This effect is visualized in Fig. 3b , where plots of scores relevant for the 1st and the 2nd PCs for both variants are shown. It can be seen from the figure that healthy and damaged grain can be clearly discriminated, especially if random variance present in the waveforms is damped enough. Two swarms of points relevant for healthy and damaged samples are visibly shifted both one from another and along both axes, even prior to averaging. In particular, the shift toward the 1st PC higher scores observed for damaged samples proves an increase in intensity for these samples. As there are two swarms apparently separated, a measure of the separation can be used as the measure of the dissimilarity of waveforms from two categories (healthy/damaged) of the samples. Assuming the measure of dissimilarity to be equal to the quantity often used in evaluation of ability of a feature for discrimination of classes of objects, 9
where subscripts C and D refer to healthy and damaged grain, t with bar stands for mean value and s for standard deviation of the 1st PC scores, we have found this ratio equal to the values given in the first row in Table 2 . The higher the value of the ratio, the higher is the potential usefulness of the 1st PC scores for discrimination between healthy and damaged grain. However, Fig. 3b shows the shift of swarms along the 2nd PC scores axis as well. Moreover, Fig. 3c presents a much better separation of the swarms when using scores on the 2nd and the 3rd PCs. Therefore, separation between swarms in one and more than one dimensions is worth being calculated systematically with a method known as linear discriminant analysis (LDA). 9 The results obtained for all possible combinations within up to the three first PCs are listed in Table 2 . One can see that the 2nd and the 3rd PCs create a space in which swarms of points are clearly separated, even for original waveforms. Improvement of the signal-to-noise ratio by simple averaging resulted in further enhancement of separation. Additional use of the 1st PC seems to be not necessary as it improves results only a little while the description becomes more complex.
Waveforms recorded in two repetitions of the measurements performed for blended samples of the healthy and damaged grain (Series III) were first averaged over repetitions and then analyzed with PCA. Results from PCA are shown in column IIIb in Table 1 , while column IIIa gives the values from PCA of the set of as recorded waveforms. The differences are rather negligible, with only a slight increase in the importance of the 2nd PC after averaging of the waveforms. The properties of Series III can be better seen from Fig. 3d . Numerals at points in the plot number the samples in accordance with increasing content of damaged constituent. The pattern of the points shows a clear, though not regular, tendency. Two reasons can be responsible for the observed irregularity: first, random variance present in waveforms from samples of close composition can result in random positioning of the points and, second, the simple rule for additivity of volumes was certainly not obeyed strictly, and concentration of damaged constituent did not follow presumed regular values. The latter reason follows from the properties of kernels in damaged grain that are known to be shrivelled and shrunken, and, as a consequence, their average volume is smaller than the volume of kernels in healthy grain. This effect can, perhaps, explain why the distance between sample 1 (pure healthy) and sample 2 (only ca. 10% of damaged material) is much greater than the distance typical for other pairs of samples (except for samples 11 and 12): mixture of materials differing in average size of particles results in a departure of the properties of the mixture from simple averaging the more so if one of the materials distinctly prevails. Note again the shift toward higher the 1st PC scores (equivalently: increase of the waveform intensity) with an increase in the content of damaged grain. Contrary to Series II, plots with scores on the 3rd PC bring no valuable information, except that the scores on this PC increase with an increase in the content of damaged material, get to a maximum close to 50/50 samples, and then decrease.
Conclusion
The proposed approach, illustrated with a typical application, showed the effective use of TDR measurements in studying subtle differences in the properties of granular materials to be possible. Further refinement of the approach by stabilizing measurement conditions (optimization of the external stress and the number of repetitions) and improvement of the signal to noise ratio in recorded waveforms (dependent on the number of repetitions in sample preparation, in recording of the waveforms, and in optimization of the number of readings at the point) can be expected to result in improvement of the efficiency of the approach, thus giving an opportunity to study effects that contribute to measured waveforms at the level even lower than five orders of magnitude of the intensity of recorded signal. 
